Opinion surveys are widely admitted as a valuable source of information which becomes complementary to the information extracted from data by machine learning techniques. This paper focuses on a challenging and still open problem which is related to how to handle properly the inherent uncertainty of human perceptions. Namely, we propose new ways to interpret and analyze fuzzy data coming out from a special case of survey, the so-called fuzzy rating scale-based questionnaire. This kind of questionnaire is characterized by allowing expressing human perceptions in terms of fuzzy rating scales. The proposed methods are in charge of capturing and modeling the uncertainty of the answers by varying the heights of the related fuzzy sets. These methods have been validated in two case studies: (1) a descriptive survey related to the packaging design of gin bottles; and (2) a comparative survey related to 2015 IFSA-EUSFLAT conference.
Introduction
Even though we are living in the Big Data era, in a global and technological world where everything (and everyone) is highly connected, opinion surveys are more and more common in our daily live. Surveys are worldwide admitted as the de facto standard when looking for a way to gather opinions from groups of people. There are surveys conducted in almost every research field: Education 1,2 , Medicine 3,4 , Economy 5 , etc. Of course, surveys are also extensively used by public and private companies with the aim of gaining insight into the degree of satisfaction of customers with the products and/or service they offer 6, 7 . Nowadays, information derived from surveys provides a humanistic view that is complementary to information extracted from Big Data 8 .
background, and so on. However, surveys also have some drawbacks and weak points to pay attention. Their lack of flexibility is argued as their main disadvantage. Respondents are usually asked to choose an answer among a small set of options (commonly expressed by linguistic terms and ordered in the socalled Likert scales 10 ). In addition, there is no way to tell neither how truthful respondents are being nor how much thought they have put in 11 . Even worse, understanding properly the meaning of the involved linguistic terms depends on the context and background of each respondent. In consequence, the validity of the results derived from a survey strongly depends on how carefully it was designed in order to avoid bias and minimize ambiguity, imprecision and uncertainty in the given questionnaire. Notice that, uncertainty is a characteristic inherent to human perceptions and opinions are always subjective.
Fuzzy Logic, introduced by Zadeh in 1965 12 , is ready to cope with imprecision and uncertainty. It is acknowledged for its well-known ability for linguistic concept modeling mainly due to its semantic expressiveness close to expert natural language, using linguistic variables and rules 13 . Fuzzy sets and systems are able to formalize, in an approximate but even precise way, vague concepts (like tasteful, elegant, exclusive, and so on). In contrast to classical (crisp) sets where only two values (0/1, false/true, etc.) are admissible, fuzzy sets are characterized by the assignation of a membership degree to each element in the set, in such a way that low values (close to zero) represent low membership to the set, while high values (close to one) represent high membership.
In the last fifty years, the fuzzy research community has kept on growing, yielding as a result many successful applications along with novel theoretical developments and extensions 14, 15 . Fuzzy rating scales, introduced by Hesketh et al. 16 in 1988, allow a respondent to give a flexible answer by selecting any value in a continuous line, along with two additional values which represent a certain interval of preference. Thus, it becomes straightforward the generation of a triangular fuzzy set which characterizes the uncertainty attached to the given answer. From a psychometric point of view, fuzzy rating scales make easier the assessment of the diversity, subjectivity, imprecision and uncertainty that are inherent to human opinions 17 . In addition, the use of fuzzy sets and systems paves the way to pass from computing with numbers to computing with words and perceptions 18 . Thus, the Computational Theory of Perceptions, introduced by Zadeh in 2002 19 , provides a framework to compute with imprecise descriptions of the world (expressed through linguistic expressions close to natural language) in a similar way to how humans naturally do. In the context of Computational Theory of Perceptions, it becomes essential dealing with subjective judgments 20 . Consequently, it results natural passing from questionnaires based on the usual Likert scales to fuzzy rating scale-based questionnaires 17 , i.e., questionnaires based on fuzzy rating scales. Moreover, the recent advances and developments in Statistics 21 have yielded new statistical techniques ready to deal properly with this kind of questionnaires.
In this paper, we propose the use of fuzzy rating scale-based questionnaires in the context of the descriptive and comparative analyses which are popular in surveys related to sensory evaluation practices and consumer science 6, 7 . On the one hand, we first introduce a new interpretation of fuzzy data coming out from fuzzy rating scales. Instead of considering the usual normal fuzzy sets, we work with triangular fuzzy sets with height modulated in accordance with the amount of uncertainty attached to each given answer. Then, we cope with the aggregation of several answers related to the descriptive analysis of a given sample (object under evaluation) along with the related statistical tests. Novel graphical representations are also proposed in order to make easier the interpretation and understanding of the conclusions derived from the conducted statistical analysis even for non-expert readers. On the other hand, we extend the usual method for conducting comparative analysis which is based on asking respondents for a mere ranking of samples. To do so, we propose the use of fuzzy rating scales with the aim of refining the given ranking, i.e., respondents are asked for quantifying the similarity between each pair of consecutive samples in the given ranking.
In short, the following points highlight the main contributions in this paper:
• Treatment of the uncertainty associated to each answer in a fuzzy rating scale-based questionnaire by better modeling it through fuzzy sets with variable heights. Such heights will slightly change in accordance with the respondents confidence.
• Enhancing the expressiveness of comparative surveys by adding fuzzy peer comparisons, i.e., consecutive objects in a given ranking will be also deeply compared two by two. The comparative data collected this way can be effectively translated into highly expressive descriptive data.
• Novel graphical visualizations of outcomes derived from both descriptive and comparative methods.
The remainder of this paper is structured as follows. In Section 2, we introduce preliminary concepts about fuzzy logic and survey methods. Section 3 is the core of this work. It describes two new procedures to deal with human perceptions (from descriptive and comparative analysis viewpoints) gathered through fuzzy rating scale-based questionnaires. The usefulness of both procedures is shown in Section 4 where two illustrative case studies are discussed. Some concluding remarks and future work are given in Section 5.
Preliminary concepts
This section is devoted to provide introductory concepts that are necessary to the good understanding of the rest of this paper. It has been split into two subsections. Firstly, fuzzy concepts used along the paper are provided. Secondly, we focus on the study of already existent methods to conduct a survey and to analyze the obtained data.
Fuzzy logic
This logic serves as a way to model frequently used terminology that the classical set theory can not properly handle. To do so, each element is assigned a membership degree to the set. Definition 1. Let X be a non-empty set. A fuzzy set A in X is given by its membership function
where ∀x ∈ X, μ A (x) represents the membership degree of the element x to the fuzzy set A.
Along this paper, we use FS(X) to denote the set of all fuzzy sets in X.
Different extensions of fuzzy sets have been developed and widely applied 14, 22 , such as intervalvalued fuzzy sets 23, 24 , intuitionistic fuzzy sets 25 or type-2 fuzzy sets 13, 26 , although in this work only the original definition of fuzzy set is considered.
Among the most used fuzzy sets are the trapezoidal and triangular fuzzy sets 27 , which are given as follows. Note that the used notation for a triangular fuzzy set along this paper is the usual one, i.e., A = (a, b, c; h) (or A = (a, b, c) if it is a normal one). In a survey supported by fuzzy rating scales, answers are given in the form of fuzzy sets. In order to summarize several answers, a way to aggregate fuzzy sets is necessary. Aggregation of trapezoidal fuzzy sets can be done by particularizing Aumanntype mean 28 , widely admitted as the gold standard, as follows.
Definition 3.
Let A 1 , . . . , A n ∈ FS(X) be normal trapezoidal fuzzy sets such that
The sample Aumanntype mean of (A 1 , . . . , A n ) is the normal trapezoidal fuzzy set given as
In addition, there exist more general processes to aggregate several fuzzy sets which are not trapezoidal fuzzy sets, centered in the definition of aggregation operator.
Among them, Averaging Operators 29 and Ordered Weighted Averaging Operators 30 are the most widely known. In this work, we focus on the former.
with p ∈ R\{0} is an averaging operator. Finally, we need to introduce a fuzzy subsethood measure for making self-contained the rest of the manuscript. The one provided by Kosko in 1990 31 has been selected. Definition 6. Let X be a non-empty set, and A, B ∈ FS(X). The degree to which A is a subset of B is defined by
Survey methods
As it has been already stated, the use of surveys has been applied in a wide range of fields. One of the most usual procedures to collect answers from respondents is based on the so-called Likert scales, that were introduced in 1932 10 .
Likert proposed asking respondents to evaluate a given statement with respect to their level of agreement. An example of this kind of scale with five values (the most usual number of values) is shown in Figure 1 An increase of the number of choices is meant to provide more informative results 32 . Moreover, the concept of fuzzy rating scale was provided by Hesketh et al. 16 in order to broaden this idea. They take advantage of the properties of fuzzy logic to extend the number of choices to a continuum. The main idea behind fuzzy rating scales is that the respondent provides a graphical answer in such a way that it gives a preferred point, and the possibility of drawing lines to both sides of such point indicating certain degree of preference. An example is shown in Figure 1(b) , where the preferred point is given by v, and the interval that allows certain degree of preference is given by points min and max.
This type of answers is turned naturally into triangular fuzzy sets, where the three points assigned by the respondents are the parameters that shape the sets. Formally, A = (min, v, max). Two examples are provided in Figure 2 , where two answers with different levels of confidence are shown. As a consequence, the treatment of this type of data requires the adaptation of statistical techniques to the fuzzy case. The SMIRE a Research Group is very productive and has developed several statistical results 17, 33, 34 around an extended concept of fuzzy rating scale, where the preferred value can be an interval instead of just a point. Thus, they deal with trapezoidal fuzzy sets instead of triangular ones. It is worthy to note their effort to provide the fuzzy community with the free software R package called SAFD b . The interested reader is referred to 35c where a thorough review of fuzzy systems software is provided.
Descriptive and comparative surveys supported by fuzzy rating scales
In this section, we propose two novel approaches to conduct surveys of two types: descriptive and comparative. The innovative part of the former is the different treatment given to the data obtained through fuzzy rating scales. The latter introduces an original method applying fuzzy rating scales as well.
From here on out, we refer to the objects of study in a survey as samples, and to the different features analyzed about them as attributes.
Descriptive surveys
The proposed method in this subsection is based on the fuzzy rating scale, but the process to treat data is different to the original one given by Hesketh 16 .
The main issue is the fact that a very undecided answer (wide amplitude) treated as a normal triangular fuzzy set (as suggested by Hesketh) becomes as important as a more confident one (narrow amplitude), or even more if the usual aggregation operators are considered. For instance, consider two answers A = (a, b, c) and
and as a result, the influence of B in the aggregation is weaker than the one of A.
In order to provide a way to overcome such drawback, the collection of data is done in a similar way as shown in Figure 1 (b). However, the interpretation of the information provided by the respondents is not straightforwardly done to a triangular fuzzy set of height 1 as it is usually done. On the contrary, this height should slightly change in accordance with the whole range covered by the answer.
Formally, we propose that, given the three values that characterize an answer a, b, c, the resulting fuzzy set is a triangular fuzzy set of height h A = (a, b, c; h) where
with k a constant value, which determines the threshold from which the height starts to decrease. This constant is chosen depending on the type of conducted survey and the values that the answers can take.
In Figure 3 , the same five answers are treated in two different ways. On the left, the usual approach a SMIRE stands for Statistical Methods with Imprecise Random Elements. This is the name of the research group in the University of is illustrated. There, answers are turned into normal triangular fuzzy sets. On the right, answers are turned into triangular fuzzy sets with variable heights (k = 10). Dashed lines represent the averaging operator for p = 1, i.e., the arithmetic mean. It is easy to appreciate how the mean in the first case is less representative than in the second one when it comes to the answers provided in the survey. Notice that a greater accumulation and certainty is shown in accordance with the three answers closer to 100. This fact is better represented in Figure 3 (b) since the mean for variable heights properly fits.
The selection of parameter k is based on how much the researcher wants to penalize the doubt in the answers. The larger the value of k, the weaker the penalization of doubtful answers.
The proposed procedure in this subsection is based on characterizing every answer by triangular fuzzy sets with variable heights, and summarizing them through an averaging operator. Once this aggregation has been done, the study of this new mapping is carried out searching for one or more answer accumulation areas. The computational procedure is as follows:
Step 1: Conduct the survey and collect the three values (Figure 1(b) ) that characterize each answer for each attribute and respondent.
Step 2: Build the triangular fuzzy sets of variable heights (Figure 3(b) ) for each answer through the Equation (3), once the suitable value of constant k has been set.
Step 3: Aggregate the answers of all respondents for each question using an aggregation operator.
Among the averaging operators from Definition 5, an example with p = 1, 2, 3 and 4 is displayed in Figure 4 . Averaging operators with p = 1 and p = 2 get similar normalized aggregations, where the accumulation area on the right of the space is more noticeable than the left one. On the contrary, p = 3 and p = 4 make the difference between both areas less marked, and as a result, the doubtful answers from Figure 3 get greater importance than necessary. Thus, the averaging operators that provide better representation of the confident answers are those ones for p = 1 and p = 2, as an increase in the parameter makes the difference between accumulation areas less noticeable, and as a result, provides less informative data. Step 4: Group those points in the scale with the greatest aggregated values until a fixed threshold of the total is reached. Figure 5 shows an example where threshold is set to 70%. It is worthy to note that such threshold must be set beforehand for each survey. In this example, the threshold value has been selected after several experiments with different options, being 70% the value that allowed us to obtain the clearer results to identify the accumulation areas. Step 5: Build the interval or intervals that shape the set of points. If two or more intervals are close enough, then they are fused into a single interval. This fusion depends on a parameter of configuration that is selected by the researcher. With the aim of being effective, this parameter should be neither too small (so this fusion would be effective only in some situations), nor be too large (as it would result into huge intervals). Considering 5% of the total space as fusion threshold, we have achieved a good trade-off in our experiments.
Step 6: Build a trapezoidal fuzzy set associated to each interval and the aggregation of answers given in 
The parameter q selected in our experimentation has been q = 0.2r, where r is the proportion of the total that is associated to the core of the trapezoidal fuzzy set. It is worthy to note that in this way, the support is not much wider than the core.
Step 7: Calculate the number of answers characterized by each trapezoidal fuzzy set generated in the previous step. We make use of the subsethood definition S(A, B) given in Equation (2) . Let A ∈ FS(X) be the given trapezoidal fuzzy set, and Step 8: Compute the aggregated score associated to each attribute. We use the center of gravity of the trapezoidal fuzzy set associated to the interval with the greatest percentage. Given a normal trapezoidal fuzzy set A = (a, b, c, d) ∈ FS(X), the center of gravity is calculated as follows:
Once all previous steps have been carried out, all generated graphics are integrated into a global report that summarizes the results of the survey. In addition, if several samples are analyzed in the survey, they can be compared with respect to each attribute, obtaining this way a ranking associated.
To do so, the scores obtained in Step 8 are taken into account, so the samples are ranked with respect to such values. However, it does not always faithfully represent the sample depending on the consensus of agreement. In order to distinguish such situations, those samples without faithful scores are set "in quarantine" and separated from the rest. Figure 6 shows an example with 13 samples. A first group of seven samples is shown on the left, ordered increasingly with respect to the associated score. On the right, the non-trustful samples are separated from the rest. A color code is used to identify three groups:
the interval with the greatest associated percentage does not characterize a big enough number of individuals, the interval with the greatest associated percentage is too wide, there exists a second interval whose associated percentage is big enough.
Obviously, these three criteria depend on some thresholds that must be set by the researcher, for each specific survey. This selection influences the graphical representation of data, but not their obtaining, as the analysis remains the same.
Comparative surveys
In this kind of surveys, the usual process consists in asking respondents to simply sort the samples under study. However, this way of doing has a main drawback. Namely, a respondent may think that two samples are too close and are indistinguishable in his/her opinion, but he/she is forced to rank one higher than the other.
In order to overcome this problem, we propose an extended version (supported by fuzzy rating scales) of the classical procedure. Firstly, respondents rank the samples as usual. After that, they are asked to assess the difference between every pair of consecutive ordered samples. To do so, the answer is given in a fuzzy rating scale (Figure 1(b) ), where the extreme values are "Both samples are equal" and "Both samples are completely different". In this way, if a respondent considers that two samples are indistinguishable with respect to the provided ranking, the value assigned between them will be the lowest possible one, while if he/she considers that they are not similar at all, the highest value will be chosen. This procedure enriches the semantic of the answers, allowing the user to better express his/her opinion.
The main task from here on out in this subsection is to analyze how to compute a final ranking from the single ones given by all respondents. As it was done in the descriptive case, we will detail the process step by step:
Step 1: Conduct the survey and collect the ranking of samples and the three values (Figure 1(b) ) of the comparisons between every pair of consecutive samples from each respondent. Let us suppose that X = [0, 100] without loss of generality.
Step 2: For each respondent, assign weights to each sample in accordance with data collected in the previous step. Let s 1 , . . . , s n be the samples to rank, and r 1 , . . . , r m be the respondents in the survey. Consider s σ i (1) > · · · > s σ i (n) the ranking provided by the i-th respondent, where σ i is a permutation of {1, . . . , n}, and
the three values characterizing the difference between the j-th and j + 1-th ranked samples, ∀ j = 1, . . . , n − 1, corresponding to (a, b, c) of a triangular fuzzy set. Then, the weights assigned to each sample with respect to the i-th respondent are:
In other words, the ranking and the differences provided by each respondent are turned into weights for each sample, where the best ranked sample is assigned a total weight (100), and for the others, 100 minus the sum of the values of the previous consecutive differences is assigned.
Step 3: Compute aggregated weights for each sample from the ones obtained in Step 2 from each respondent.
w(s i
where w j (s i ) are obtained as in Equation (5), ∀i, j.
Step 4: Compute the final ranking. Consider w(s 1 ), . . . , w(s n ) the weights for each sample obtained by Equation (6) . Then, the ranking obtained by aggregating all the responses is calculated by ordering decreasingly the weights of the samples. Formally,
is the aggregated ranking, where σ is a permutation of {1, . . . , n} such that The process described above allows us to obtain the aggregated ranking. However, the fuzzy information provided by the respondents have not been used yet, as only the central value of the pairwise differences has been considered in the previous process.
Actually, some extra outcomes can be obtained from this type of comparative surveys, taking into account the fuzzy part of the answers. Indeed, it is a parallel process to the one described in the previous subsection, in order to obtain graphical representations like Figure 7 . First of all, we have to define a procedure to build a fuzzy set associated to each sample and respondent in a similar way to how we did in Subsection 3.1.
To do that, an analogous procedure to the one explained in Step 2 and Equation (5) is carried out with the lower and upper values of each difference between consecutive samples (i.e., d j , d j ). With the same notation, the fuzzy set associated to each respondent (∀i = 1, . . . , m) is given by:
Consequently, W i (s j ) = (w i (s j ), w i (s j ), w i (s j )) is the triangular fuzzy set associated to i-th respondent and sample s j , ∀i = 1, . . . , m, ∀ j = 1, . . . , n.
Once we have built these triangular fuzzy sets, then Steps 3 to 8 of the descriptive procedure can be carried out with them. It must be noted that, instead of aggregating the answers of the users with respect to each attribute in Step 3, we aggregate them with respect to each sample. In this way, a graphic like Figure 7 is produced with the aggregation of the answers with respect to such sample.
Both procedures introduced in this section provide different fuzzy approaches to conduct descriptive and comparative surveys.
Experimental analysis
This section presents two use cases where we have tested and validated the proposals made in this paper. Both cases have been developed with the help of the software called Quale R 36 . Firstly, the Model is stored in a database (with the definition of samples and attributes to evaluate along with the profile of required respondents). Secondly, the View is implemented in the form of two alternative user interfaces regarding survey configuration and analysis (desktop application) but also online data capture (web page survey). Finally, the Controller consists of a report generator module. It is in charge of automatically processing data coming out from fuzzy rating scale-based questionnaires. Moreover, it produces a report made up of a set of graphs and texts in a user-friendly style which can be customized in accordance with the reader's preferences. This report is generated combining packages from softwares R and L A T E X.
The rest of this section goes in depth with the two selected use cases. The first case focuses on the descriptive analysis of human perceptions while the second one tackles with its comparative counterpart.
Descriptive survey
The Poshmakers d , a well-recognized multi-sectorial product and services creator, proposed in 2011 the creation of the most desired premium gin brand named Ish London Dry. The challenge was to build up a new brand from scratch, presenting a superior notoriety that favored its commercial introduction. The product specification remarked the need for notoriety but without prejudicing against its credibility and confidence in a high competitive niche. Monetary limitations constrained the quantity and quality of the labeled, packaging elements, and communication campaigns. The interested reader can get detailed information at 36 .
With the aim of validating the packaging of Ish London Dry, we conducted a descriptive survey regarding 24 gin bottles available in the market. Respondents were asked, using fuzzy rating scales, about aesthetic attributes of the bottles such as: British character, exclusivity, gender, glamour and originality. The answers were defined in the space X = [0, 100]. For illustrative purpose, here we will focus only on the analysis of exclusivity.
We collected responses from 50 valid respondents that answered the survey. Moreover, they were asked about additional information (country, sex, etc.) in order to make group analyses later.
The parameter k from the variable heights (given by Equation (3)) selected for this experiment has been k = 10, representing that an amplitude lower than 10% of the space has maximum height, and it starts to decrease from this point on.
Figures 9 and 10 present the ranking of bottles for the attribute exclusivity with respect to the associated score. Table 1: Table with scores associated to each sample for attribute exclusivity with respect to the Aumann-type mean (Definition 3) in the first row and the new approach proposed (Subsection 3.1) in the second row. Third row provides the absolute differences between them. Fourth row, shows the variance of the answers for each sample with respect to exclusivity. Figure 9 shows that bottles with the least exclusivity are Gordon Gin (14.25) and Beefeater Gin (17.5) . However, between the others (without taking care of the isolated ones in Figure 10 ) the score is really close with respect to such attribute (from 60.75 to 75.25). Ish London Dry is the sixth in the ranking. This fact means that respondents consider it among the most exclusive gin bottles in the market, as it was desired by The Poshmakers. Moreover, the same analysis with respect to the other considered attributes (British character, gender, glamour and originality) reflected that Ish London Dry is always in the top part of the related rankings even though it is not pointed out as the best one for none of them. As it has been stated, samples which are not faithfully represented by the attached score are isolated and plotted separately as shown in Figure 10 . The color code depends on some thresholds as it has been aforementioned. In this experiment, these thresholds are as follows:
the interval with the greatest associated percentage does not characterize at least 40% of individuals, the width of the interval with the greatest associated percentage is over the 40% of the whole range, there exists a second interval whose associated percentage is at least half the percentage of the first one.
In order to provide a numerical comparison, Table 1 shows the reported scores with respect to the attribute exclusivity. The first row reports values coming out of the Aumann-type mean given in Definition 3. The second row provides the values computed by the proposed process described in Subsection 3.1. The absolute differences are calculated in the third row. Finally, the variance associated to the answers for each sample can be found in the fourth row of the table. This variance is obtained through the function Bvar of R software package SAFD, which computes it using Bertoluzza distance 37 .
With the aim of analyzing deeply the possible relation between the absolute differences and the variance associated to the answers for each sample, we have computed the correlation between them. The result is a correlation of 0.51, which means that 26% of one variable is explained by the other. In other words, the variance of the answers is related to a certain extent to the difference between both methods, thus getting more dissimilar results when there is less consensus among respondents. Figure 11 shows two particular examples for Ish Gin and Bombay Gin, where the normalized mean (averaging operator for p = 1) is displayed for both fixed (dashed curve) and variable heights (continue curve), along with the values obtained with both procedures, the one with Aumann-type mean, and the proposed one in Subsection 3.1. Figure 11 (a) (Ish Gin) illustrates a single accumulation area. The results provided by both procedures are similar (67.54 for Aumann-type mean, 71 for the new procedure).
On the contrary, Figure 11 (b) (Bombay Gin) reflects the ability of the proposed method to identify groups of opinion in situations with more than one accumulation area. The new method associated score is 66, and as it can be observed, it is in the center of a clear accumulation answers area. However, the Aumann-type mean gets the value 49.8, which does not represent any area with a big amount of answers accumulated. This is due to the existence of two main accumulation areas, one around 20 and another around 60. As the procedure of Aumann-type mean is the average of the central value, it is not surprising that sometimes it may end up in an area with a small number of individuals associated, what presents a clear drawback.
We have carried out similar analyses for specific groups of respondents. Figure 12 shows an example with Botanist Gin with respect to the group Sex. Both displayed graphics show the results provided by the procedure in Subsection 3.1, but only taking into account the respondents in the respective group: men or women. It is remarkable the fact that Botanist Gin is perceived as more exclusive for men Men Women Figure 12 : Graphical representation of attribute exclusivity for bottle Botanist Gin with respect to group sex. For men and women, respectively.
than for women in this case, which is reflected in the generated intervals. It must be noted that although this bottle is an isolated sample (see Figure 10 ), its group analyses with respect to feature Sex are faithfully represented by the score. These group analyses can be made as long as the number of respondents in each group is representative. In case several groups have small number of respondents, then they may be fused to form another more representative group.
As it has been previously stated, the main advantage of the proposed procedure is its ability to identify the greatest accumulation area of answers even if there is another important one. On the other hand, the Aumann-type mean is not sensitive to these situations, as it has been shown in Figure 11 . If the aim of the survey is to find groups of opinion, this new approach successfully allows their identification with the score associated, unlike the Aumanntype mean.
Comparative survey
The following experiment was carried out in the 2015 IFSA-EUSFLAT Conference, where a comparative question was proposed to the participants. We asked about the goodness of the different activities of this conference, Coffee Breaks, Parallel Sessions, Plenary Talks and Social Events, in terms of networking. Answers were given as exposed in Subsection 3.2. Respondents first ranked the four activities, and then, they evaluated the difference between every pair of consecutive activities using a fuzzy rating scale. The differences were defined in the space X = [0, 100].
We collected answers from 70 valid respondents in this survey. Information about them (country, type of institution, etc.) was also collected in order to make group analyses later.
As in the descriptive experiment, the selected parameter k from Equation (3) has been k = 10. Thus, an amplitude lower than 10% of the space has maximum height, decreasing from this point.
In Figure 13 , the obtained ranking of the four activities in terms of networking is shown. The values in the black bars are the ones calculated through the steps described in Subsection 3.2. Note that the orders obtained by this new approach and the classical one of simply adding the positions of each sample in all the orders provided by the respondents do not necessarily match, although in this example they do.
As it has been developed in Subsection 3.2, some extra data is obtainable taking into account the fuzzy information provided by respondents. Figure 14 shows four graphics, associated to each activity to rank. These graphics represent the aggregated mean of the triangular fuzzy sets previously computed for each respondent by Equations (5), (7) and (8) , as well as the intervals and associated percentages resulting after running the process described in Subsection 3.1. They are in accordance with the ranking given in Figure 13 . Coffee Breaks was chosen as the first option by most respondents, as a 63% are characterized by the single point 100. Assessments related to Parallel Sessions yield a high concentration in the higher values of the range. The goodness of Social Events and Plenary Talks is similar since they have similar aggregated curves.
As it has been done in the descriptive use case, a group analysis can also be carried out in the case of comparative surveys. Similar graphical representations to Figure 12 would be provided, using the fuzzy weights calculated in Subsection 3.2 instead.
The main advantage that this method presents with respect to the classical approach is the capability to allow respondents to determine, in an intuitive way, that two samples are similar and avoid strict orders if desired. In this way, the inclusion of fuzzy rating scales allows to obtain more insightful information.
Conclusions and future research
This paper introduces a novel approach to conduct and analyze survey questions, both descriptive and comparative. Starting from the usual way of working with fuzzy rating scales, we have proposed a different procedure to treat answers, where the obtained fuzzy sets are not normal fuzzy sets anymore, but ones with variable heights in function of the amplitude of the answers. In the case of comparative questions, an additional step of providing the difference between consecutive ranked samples is introduced, where the same modification of fuzzy rating scales is used as well.
Different ways to display the obtained information have been proposed. Furthermore, an experiment for each type of survey has been explained in order to illustrate the aforementioned processes, pointing out their advantages with respect to the classical approaches.
The descriptive proposal identifies the greatest
Coffee Breaks Parallel Sessions
Social Events Plenary Talks accumulation area of answers even if there are more than one, unlike the usual procedure. The proposal for comparative surveys allows respondents to determine the similarity between the ranked samples, opposed to the classical method. The optimization of the different parameters defined along the work is an important part of the future research, as a variation of some of these parameters can result into different outcomes of the procedures. Another open point is the application of these methods to big data examples in order to check and validate their complementary behavior to machine learning techniques. Moreover, we will also explore the automatic generation of self-explaining text attached to each graph.
